Abstract-Automatic and accurate lumbar vertebrae detection is an essential step of image-guided minimally invasive spine surgery (IG-MISS). However, traditional methods still require human intervention due to the similarity of vertebrae, abnormal pathological conditions and uncertain imaging angle. In this paper, we present a novel convolutional neural network (CNN) model to automatically detect lumbar vertebrae for C-arm X-ray images. Training data is augmented by DRR and automatic segmentation of ROI is able to reduce the computational complexity. Furthermore, a feature fusion deep learning (FFDL) model is introduced to combine two types of features of lumbar vertebrae X-ray images, which uses sobel kernel and Gabor kernel to obtain the contour and texture of lumbar vertebrae, respectively. Comprehensive qualitative and quantitative experiments demonstrate that our proposed model performs more accurate in abnormal cases with pathologies and surgical implants in multi-angle views.
I. INTRODUCTION
Intraoperative mobile C-arm was wildly used in imageguided minimally invasive spine surgery (IG-MISS) due to providing up-to-date visualization of anatomy and surgical instruments [1] . C-arm images become connections between preoperative planning [2] and intraoperative navigation [3] . However, 2D C-arm X-ray images lack 3D spatial information, which can make surgeons fail to identify the spinal anatomy [4] . Therefore, it is necessary to implement automatic and accurate detection of lumber vertebrae.
Although a large amount of literature have been focused on automatic lumbar vertebrae detection, there still exist some potential difficulties which can affect the performance of these methods. The specific challenges of automatic lumber vertebrae detection for 2D C-arm X-ray images are mainly due to different imaging modalities and anatomical deformations, which include lacking contextual information caused by restricted field of view, individual variability caused by Generally speaking, two major types of approaches are exploited to deal with these issues: statistical model based methods and feature learning based methods. Statistical model based methods [5] - [7] generate mean shapes as a priori knowledge to tackle with the view restricted problem. Although the statistical model based method can infer the entire spine structure, the individual variability issue makes these type of methods difficult to formulate pervasive models. Feature learning based methods [8] - [10] devote to finding appropriate feature representation which deal with abnormal cases with pathologies or surgical implants. Nevertheless, low level features learning cannot cope with the issue that complex anatomy detection in uncertain imaging angle. Recently, Deep learning method [11] with high level feature representations have made a good deal of innovations in image object detection. Deep convolutional neural networks (CNN) [12] - [15] , as one type of these methods, is considered as a popular deep learning architecture due to its large feature learning capacity.
In this paper, a novel CNN model is proposed to achieve automatic and accurate lumbar vertebrae detection for partial occluded C-arm X-ray images. Our detection strategy comprises two stages. Firstly, we pre-processing the training data with digitally reconstructed radiographs and automatic segmentation, which can simultaneously augment the training data and reduce the computational complexity. Secondly, a feature fusion deep learning (FFDL) model is introduced to combine two types of features which include the shape information and texture information of lumbar vertebrae. Ultimately, all the features are fed into Softmax layer for lumbar vertebrae detection.
The rest of this paper is organized as follows. Section II presents the conception of our proposed detection method. The evaluation methods of these approaches are then introduced, and experimental results and analysis are detailed in Section III. Finally, section IV concludes this paper.
II. METHODOLOGY
This section details the conception of our proposed approach for lumbar vertebrae detection. The overall flowchart of this approach is illustrated in Fig. 1 . sufficient amount of training data for our proposed FFDL, we apply a Digitally Reconstructed Radiograph (DRR) method [16] to automatically generate 2D images from 3D CT volume data. According to X-ray imaging principle, ray casting method is used to calculate the X-ray intensity I projected from 3D volume onto a 2D image plane:
where I 0 is original X-ray intensity, µ i denotes the linear attenuation coefficient of the i-th voxel, and l i denotes the length of X-ray passing through the i-th voxel. The process of DRR generation is shown in Fig. 2 .
2) Automatic Segmentation: Using initial X-ray images to train our proposed FFDL is not computational efficient. Therefore, it is necessary to extract the region of interest (ROI) out of X-ray images. In this study, we employ an automatic level set segmentation approach proposed in our previous work [17] . The regularization formulation of this approach is introduced as:
where µ, λ are positive parameters that regulate the impact of energy terms. The first internal energy term E int (φ ) is designed to avoid level set function from unnecessary reinitialization. The second region-correlation term R (φ ) is the external energy depending upon the region correlation between regions inside and outside the contour.
B. Feature Fusion Deep Learning Model
In order to cope with the issues that pathology conditions and noises in C-arm X-ray images, a feature fusion deep learning (FFDL) model is introduced to combine two types of features for lumbar vertebrae detection. Therefore, the convolution kernel function of our FFDL model can be formulated as:
where S denotes the shape kernel and T denotes the texture kernel of FFDL. To obtain the shape features of lumbar vertebrae, we apply a Sobel filter as one convolutional kernel of FFDL, which can obtain contour of vertebrae effectively. Then, suppose that the input image is I, variable S is formulated as:
In spatial domain, a 2D Gabor filter is a Gaussian function g (x, y) which modulated by a sinusoidal plane wave. The Gabor features have demonstrated substantial noise robustness. Hence, a 2D Gabor filter is exploited as another convolutional kernel of FFDL to generate four different orientations texture features, which can be formulated as:
where U and V denote spatial frequency of the input image. Fig. 3 shows 4-orientation Gabor features representation of a lumbar vertebrae DRR image.
As depicted in Fig. 4 , the entire architecture with two kernels CNN is comprised of 6 layers. Formally, the CNN of our FFDL can be represented as:
where ϕ is a activation function and b is an additive bias. CNN using two different kernels (Gabor filter and Sobel filter) in the first convolutional layer is able to learn shape and texture features from training data, respectively. The following max pooling layers following the convolutional layers is responsible to reduce the dimension of feature maps. In the full connection layer, principal components analysis (PCA) is exploited to fusion the feature maps learned from two kernels CNN. Then, all the features are fed into Softmax layer for lumbar vertebrae detection. As defined above, the proposed FFDL model should be effective when detecting lumbar vertebrae from X-ray images with pathology conditions and noises. This property will be demonstrated subjectively and objectively by experiments on lumbar vertebrae X-ray images.
III. EXPERIMENTAL RESULTS
To validate the performance of our approach, clinical dataset [10] available online is employed for quantitative experiments. The training set consists of spine CT volume data (pixel resolution: 512 × 512) obtained from 60 different patients aging between 23 and 75 years old. The testing set includes 50 C-arm X-ray images (10 normal cases and 40 pathological cases). Our detection approach is implemented on Matlab R2015b platform installed on PC with 2 Intel Xeon (R) 3.07GHz CPUs, 12GB RAM and NVIDIA Quadro 5000 graphic processor.
In the experiments, in order to reduce the computational complexity, the pixel resolution of input images are changed into 128*128 after the down-sampling process. We then have a Gabor kernel of size 8*8, and a Sobel kernel of size 3*3. In order to accelerate the perform of our method, we adopted the popular CNN toolkit Caffe [18] to traning our CNN model. Fig. 5 illustrates the intuitional detection results of our proposed FFDL method. We detect the center of each lumbar vertebra X-ray image from arbitrary imaging angle and the landmark of our method is red cross. It is apparently observed that our proposed FFDL method is able to detect lumbar vertebrae of X-ray images more accurately than another two state-of-art methods(marked with yellow triangle and blue rectangle) even some of vertebrae with pathology conditions(or surgical implants). Table I displays the quantitative comparison results of our proposed FFDL method with another two methods. It lists two different criteria: identification rates and localization errors of these methods. It can be seen that, the performance of our proposed FFDL method obtains the identification rate of 89.02% which is little more accuracy than J-CNN and Glocker's model in normal cases; for pathological cases, our method obtains the identification rate of 80.37% which outperforms another two methods since we use two kinds of kernel in our CNN model and fusion two types of feature extracted from X-ray images.
IV. CONCLUSION
In this paper, we present a novel CNN model to automatically detect lumbar vertebrae for partial occluded Carm X-ray images. Firstly, the training data is augmented by DRR method, meanwhile, an automatic segmentation method is exploited to reduce the computational complexity. Secondly, a feature fusion deep learning (FFDL) model is introduced to combine two types of features of X-ray images, which uses sobel kernel and Gabor kernel to obtain the contour information and texture information of lumbar vertebrae, respectively. Comprehensive qualitative and quantitative experiments demonstrate that our proposed model performs more accurate in abnormal cases with pathologies and surgical implants than another two state-of art methods.
